Although the literature suggests that nursing home location is instrumental to the efficient functioning of the long-term care industry, there has been little research directly focused on the spatial distribution of nursing homes. We discuss factors that may influence nursing home location choice, emphasizing agglomeration economies around hospitals. We estimate econometric models of location using information on all freestanding, MediCal-licensed long-term care facilities in the state of California. We find that nursing homes are more likely to locate in the same Census tract as a hospital and are more likely to locate in tracts nearer to those containing a hospital.
| INTRODUCTION
Nursing home operators face strong incentives to locate their facilities near to each other as well as to larger health facilities. Nursing homes are typically relatively small-scale establishments, so sharing intermediate goods and services with other establishments helps them exploit cost-lowering scale efficiencies. As labor is a major component of the costs of operating nursing homes, establishments may desire to locate sufficiently close to a shared pool of lower-paid but adequately skilled workers in order to assure a reliable labor supply. In addition, common factors may draw nursing homes to certain locations. For example, although nursing homes provide some skilled nursing care, acute-care medical services offered by hospitals and other health facilities are also needed frequently by nursing home residents. 1 Such "localization economies" occur when a firm can lower its costs by locating close to other firms in the same industry. Most of the literature on localization economies has focused on industrial firms (Combes & Gobillon, 2015; Rosenthal & Strange, 2004) . Although this literature suggests that localization economies are pervasive, the exact source of the economies is rarely identified. A significant exception is Cohen and Morrison Paul (2008) , who estimate a cost function for Washington State hospitals. They find that geographic concentration reduces costs for treatment centers and also find evidence of scope economies due to complementarities across the centers' outputs.
The literature on service quality in long-term care suggests that spatial agglomeration in long-term care markets may benefit consumers as well as producers through several mechanisms. Among the important implications of this accumulated body of knowledge are that nursing home location is an attribute valued by consumers; nursing home location is an important determinant of consumer access to long-term care and that nursing home location plays an important role in determining the extent to which market forces solve intrinsic quality-provision problems in longterm care settings. The transaction costs of shopping for nursing home services are also lower when nursing homes are reasonably near each other.
1 A nursing home must have a hospital-admission agreement in place for its residents in order to qualify for Medicare and Medicaid receipt.
Evidence on the elderly's nursing home choices indicates a strong tendency to select homes located near their originating communities (Zwanziger, Mukamel, & Indridason, 2002) . Thus, the spatial distribution of nursing homes is an important determinant of access to long-term care, because individuals may be more likely to delay nursing home entry, foregoing needed assistance and care, if there is no nearby facility. The important role of third-party monitoring in residents' care also suggests that nursing home location is an important quality concern. Chou (2002) finds that relatives' visits serve an important policing function on care quality at for-profit homes. The frequency of friends' and relatives' visits to nursing home residents is closely associated with the proximity of the facility to their home or work (Port et al., 2001) .
Finally, there is convincing evidence that the extent to which intrinsic quality-provision problems in the nursing home industry are ameliorated by market mechanisms is governed by the degree to which heterogeneous nursing homes compete for the same customers. Two prime examples are when for-profits are forced to compete on quality with nonprofits (Grabowski & Hirth, 2003) and when Medicaid-reliant nursing homes, facing largely fixed prices, compete for customers along the margin of quality.
The empirical literature on the location of medical care facilities is sparse. Cohen and Morrison Paul (2008) studied spatial linkages and agglomeration economies for hospitals in Washington State. They found that clustered hospitals experienced significantly lower labor costs and argued that clustered hospitals benefitted from labor pooling and knowledge spillovers that increased worker productivity. Zwanziger et al. (2002) attempted to discern the market boundaries of nursing homes in New York State, eliciting information both from surveys of nursing homes about the former zip codes of their residents and information on residents' prior zip codes provided in Medicare data. Using these detailed data, they found that in areas of sufficient population density, nursing homes drew consumers from an area that was much more geographically concentrated than the county level. Statewide, the average nursing home reported that its core market drew from just 5.2 zip codes.
This paper provides the first formal empirical analysis of nursing home location using spatial econometric methods. We estimate Poisson and logit models of nursing home location at the census-tract level. Although we examine a range of explanatory variables, we focus on the role of agglomeration economies in determining the locations of nursing homes. A key hypothesis is that hospitals are a critical shared facility for nursing homes and that proximity to hospitals is therefore an important determinant of nursing homes' locations. We employ two measures of proximity, the distance of the Census tract centroid to the nearest hospital and a count of the number of hospitals in a Census tract. We also estimate a spatial AR logit model in which the probability of having a nursing home in a census tract depends on the weighted average of the underlying latent tendency toward having a nursing home in nearby tracts. This model allows for spatial interaction between the nursing homes' location choices and provides a formal test that nursing homes also choose to locate near to each other. 2 To preview the findings, the logit and Poisson estimates both suggest that certain area characteristics significantly predict the location of nursing home facilities. Nursing homes are more likely to locate in densely populated areas with more females, higher incomes, and a higher median age. Our key finding is that nursing homes are more likely to be located near hospitals. Both distance to a hospital and the presence of the hospital in a tract are associated with location of a nursing home in a tract; that is, the closer a Census tract is to a hospital, the more attractive it is as a nursing home location, and there is an additional inducement to locating there when a hospital is located in the same census tract. Moreover, the spatial AR estimates indicate a form of clustering that is consistent with the presence of localization economies: after controlling for the effects of other variables, a tract is significantly more likely to have a nursing home if there is also a strong propensity toward having nursing homes in nearby tracts.
The paper is organized as follows. The next section provides basic information on the nursing home industry and discusses the factors that are likely to affect nursing home location. Section 3 discusses the relevant prior literature on collocation. Section 4 lays out the econometric considerations and models. Findings are presented in Section 5. The paper concludes with a discussion of the findings, their policy implications, and some suggested directions for future research in Section 6.
2 Although it would be very worthwhile to estimate how nursing homes' scale choices (number of beds) interact, we do not pursue this separate issue here. First, the extensive and intensive margin decisions are each interesting in their own right. Second, the appropriate models for the two questions are fundamentally different. An analysis of scale requires specific information about particular homes' operations, because bed size is one margin of many. It is not possible to incorporate home-specific factors into our estimation approach.
| BACKGROUND
"Skilled nursing facilities" are certified to accept Medicaid (or MediCal as it is known in California) and Medicare and are therefore regulated by state and federal governments. These establishments provide both custodial care and skilled nursing care to both long-term and short-stay, post-acute clients. They are distinguished from entities such as assisted living communities by the provision of "skilled nursing services … performed by a registered nurse or licensed practical nurse [that] are medical in nature (Harris-Kojetin, Sengupta, Park-Lee, et al. (2016), p. 26) ." We refer to such entities as "nursing homes" throughout this paper.
3 The typical U.S. nursing home is operated for profit. Proprietorships comprise 68% of homes, whereas the incidence of nonprofit establishments is 25%. Government ownership of nursing homes stands at about 1,000 establishments nationwide, or well under 10% of all facilities. Approximately 55% of private homes are members of a chain (Kaiser Family Foundation, 2013) . In 2011, 1.39 million persons lived in 16,000 certified nursing homes that provided approximately 1.7 million resident beds. Californians, the group studied in this paper, were relatively less intensive users of nursing homes. Whereas the average number of aged nursing home residents per 1,000 U.S. aged persons was 26.05 in 2012, California's rate was just 16.73 (Harris-Kojetin, Sengupta, Park-Lee, & Valverde, 2013; Table 5 ). Nevertheless, as the most populous state, California contains a large nursing home industry, accounting for nearly 8% of all long-term care facilities and approximately 7% of nursing home beds in the US (National Center for Health Statistics, 2013) .
The long-term care industry has experienced substantial changes over the past 4 decades. From 1969 to 1987, a facilities board authorized to approve construction of state-licensed, free-standing nursing homes regulated entry to the California Nursing Home market and the capacity of existing homes. In the certificate of need (CON) era, "need" for care and location of care were inseparable issues, because "new or improved facilities or equipment would be approved based primarily on a community's general need." In the face of increasingly moribund or declining nursing home industries, many states abandoned a pre-approval process for new facilities construction after the federal government no longer required it (National Conference of State Legislators, 2016) . California dropped its CON regulations at the earliest opportunity.
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Nursing home demand bottomed out nationally in the early 1990s, when many homes faced an alarming rise in vacancies. Declining demand was at first driven by changing demographics, but additional forces further reduced demand for freestanding nursing homes by the aged. First, increasing administrative and clinical costs, combined with decreasing hotel costs (Mukamel, Spector, & Bajorska, 2005) , provided ideal conditions for growth in assisted living establishments, which focused on the hotel services aspect of long-term care. By 2013, the assisted living industry served over 787,000 people nationally, or more than half the number served by nursing homes. In recent years, more than 8,100 such facilities have been licensed with the state of California.
5 Second, California instituted a comprehensive subsidized homecare program over the period 1996-2001, with the intent of extending the ability of the low-resource aged to remain in their own homes. By January 2012, this program served nearly 440,000 persons, exceeding 4 times the capacity of the state's nursing homes. 
| Factors affecting nursing home location
If individuals are reluctant to move very far from their origin residence, a nursing home operator must carefully consider the location of its potential customer pool. In addition, nursing homes' primary service is hands-on nursing care, and workers are their major expense. Thus, establishments also might desire to locate sufficiently close to a pool of lower paid but adequately skilled workers in order to assure a reliable labor supply. It is not obvious which factor will dominate when the locations of customers and workers are not close. However, findings from the "spatial mismatch" literature suggest that the types of workers hired at nursing homes, who are often minority-group-member females, are willing to endure lengthy commutes ( Fernandez & Su, 2004; McLafferty & Preston, 1992) . By locating near dense population centers, homes can often satisfy both criteria. In the US, more densely populated areas are more racially segregated (Bond Huie & Frisbie, 2000) . Therefore, dense areas may offer dual advantages of a nearby high-resource customer base 3 The term is sometimes used more broadly to refer to any long-term custodial care operation, including those with no skilled nursing component. and a nearby low-resource supply of care workers, the latter being an example of what is referred to as a "localization economy" in the urban economics literature. Localization economies are a form of agglomeration economy in which firms in a given industry have lower costs when they are geographically concentrated, 7 although higher rents in dense areas, adding to hotel costs, may mitigate this attraction.
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Hospitals may also be a common attractor, as there are multiple possible benefits when a nursing home locates near a hospital. For one, the typical hospital is large in scale relative to a nursing home, engendering robust support from workers and intermediate suppliers in the area. Second, hospital services are frequently demanded by nursing home residents, who are in frail health.
9 Third, as nursing homes have sought to expand rehabilitation services, which are reimbursed through the more-generous Medicare program, patients being discharged from hospitals are an increasingly important source of profitable customers. For similar principal-agent reasons as for nursing home residents, rehabilitation patients likely desire to stay in an area that is close to their residences and medical care. So far, we have discussed attractions of areas that may be common to many nursing homes and that will therefore induce them to enter similarly advantageous locations. These attractions are distinct from collocation benefits, or positive externalities arising from the act of clustering together with other nursing homes. Collocation benefits for nursing homes include labor pooling and knowledge spillovers (Cohen & Morrison Paul, 2005) , as well as customer and intermediate supplier sharing. The latter include laboratories, temporary staffing agencies, and hotelier suppliers that can only be supported by a local industry of sufficient scale. 10 Chains may have an even stronger incentive to cluster facilities in order to capture internal scale economies across homes in activities like deliveries, hoteling resources, and staff and resident recruiting services across outlets. In addition to enjoying localization economies, nursing homes may also locate close together to facilitate potential residents' shopping (Dudey, 1990) . Because nursing home residents tend not to "vote with their feet" (i.e., consumers tend to be reluctant to try nearby competitors once they have entered a home as a resident) firm collocation is relatively more attractive than in other industries.
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The optimal location choice could vary across provider types. For-profit providers may be more eager to locate in wealthier areas where potential residents are at little risk of reliance on Medicaid, which has low reimbursement rates. Government facilities may purposefully locate in less-well-served areas as part of their mission. Some have argued that the for-profit industry is diverse, including both "Medicaid mills," which may seek to locate in low-wealth areas, and other operators who use a nonprofit status to signal care quality to more affluent consumers (Amirkhanyan, Kim, & Lambright, 2008) .
Changes in the nursing home and broader eldercare market discussed above may have influenced the importance of spatial concerns. The suspension of the state's pre-approval process ended the quantity restriction on nursing homes and beds by freeing nursing home operators to enter and locate and expand or decrease scale at will and thus presumably increased the spatial component in nursing home location choice. The decline in nursing home demand would also push spatial concerns to the forefront by making closures in moribund areas more likely. The rise of assisted living could have created new incentives for nursing home location. Both assisted living and home care, by keeping people out of nursing homes until they are greatly debilitated, may have made consumers willing to travel farther for a nursing home placement, reducing the importance of being located near the consumers' former homes.
| EMPIRICAL APPROACHES
Discrete choice models and count data models are the most commonly used empirical models of firm location decisions. In their survey of empirical studies of industrial location decision models, Arauzo-Carod, Liviano-Solis, and ManjonAntolin (2010) conclude that discrete choice models are most useful when one of the objectives is to account for the 7 Labor pooling was emphasized as a source of localization economies in Marshall (1890) . Overman and Puga (2010) review the recent empirical literature. 8 The tendency to separate nursing home operations into separate entities over the past two decades has likely reduced the importance of rental costs, because when the facility operator and landholder are separate entities, rental costs can be expensed. 9 All nursing homes are required to have a hospital-admissions agreement for their residents. 10 Li (2015) finds evidence of these "Chinitz" effects of shared suppliers for another industry. In general, small facilities have an incentive to locate close to each other in order to share services. 11 For example, Ho and Ishii (2010) show that the cross-price elasticity of bank services is highly influenced by their proximity to each other.
influence of firm or plant characteristics on location decisions. However, discrete choice models can be computationally cumbersome when the number of potential locations is large. Count data models offer computational advantages when the focus of a study is on the influence of spatial factors on location decisions. Moreover, Guimares, Figueiredo, and Woodward (2003) establish that the Poisson and conditional logit models return identical parameter estimates when the explanatory variables are all location specific.
We use census tracts for the basic geographic unit. Census tracts are constructed to have roughly the same population and to comprise reasonably homogeneous areas that are good working definitions of neighborhoods. As Zwanziger et al. (2002) note, nursing homes draw clients from fairly narrow geographic areas. Of the 6,805 census tracts in California, 5,886 have no nursing homes and 712 have only one. The incidence of multiple nursing homes in a tract is relatively rare: 162 tracts have 2 homes, 30 tracts have 3 facilities, 12 have 4, and only 3 census tracts have more than 4. As a result of having a small number of multiple-home tracts, there is little difference in practice between the results of a Poisson regression for the nursing home counts and a logit model where the dependent variable simply indicates whether there are any or no homes in a tract. It should be noted, however, that there is still a high degree of opportunity for collocation, even though few nursing homes are seen together in the same tract. Because census tracts in densely populated areas are quite small, homes in different tracts may still be located quite close to each other.
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Estimation of both logit and Poisson models poses potential challenges in spatial data sets because common specifications of the underlying spatial model typically imply both heteroskedasticity and autocorrelation. For example, consider the most common specification, the spatial AR model. The underlying latent variable for the propensity to have a nursing home in a census tract, y * , is a function of a set of characteristics of the census tract, X, and the spatial lag of the latent variable, Wy * , where the nxn matrix W is referred to as the "spatial weight matrix." This commonly used specification implies y * = ρWy * + Xβ + u, which in turn implies y
, implies both heteroskedasticity and autorcorrelation. Standard estimators for either logit or Poisson models typically produce inconsistent coefficients under heteroskedasticity, whereas autocorrelation reduces the estimates' efficiency. Consistent estimation procedures have been proposed for spatial versions of logit or probit models. McMillen (1992) proposed an approach based on the EM algorithm, whereas Case (1992) suggested a maximum likelihood estimator that requires a special form for the spatial weight matrix. LeSage (2000) proposed a Bayesian estimation procedure. Pinkse and Slade (1998) developed a GMM approach, which Klier and McMillen (2008) adapted for a simple linearized procedure. Some studies using variants of these procedures include Smith and LeSage (2004) ; Wang and Kockelman (2009a, b) ; and LeSage, Kelly Pace, Lam, Campanella, and Liu (2011). Lambert, Brown, and Florax (2010) proposed a limited information maximum likelihood version of the spatial lag model that is suitable for count data.
The main advantage of the spatial AR approach for our study is that a finding that b ρ > 0 is consistent with the presence of localization economies. A positive value of ρ implies that nursing homes' locations tend to be clustered beyond the extent that is directly taken into account by the other explanatory variables. However, a spatial AR model requires a large degree of prior knowledge about the model structure: To obtain consistent estimates, the underlying functional form, the spatial weight matrix, and the error structure must all be specified correctly. Many researchers prefer to rely on nonparametric estimation procedures that impose less prior structure on the data. For spatial models, the most commonly used approach involves estimating a constant-coefficients parametric model at a set of target points with observations weighted by a measure of distance from the target point. This approach, referred to as a "conditionally parametric" (CPAR) model in the statistics literature (Cleveland, 1994; Cleveland, Grosse, & Shyu, 1992; Loader, 1999) , produces a set of coefficient estimates that vary smoothly over space. A variant in which the weights are based only on geographic distance is often referred to as "geographically weighted regression" by geographers.
Because local spatial effects are modeled using a flexible trend that varies over space, the CPAR approach is attractive when the true functional form is more complex than assumed in the base specification or when other forms of misspecification vary smoothly over space. Although the approach is used most commonly for linear regression models, it is also feasible for other models rooted in maximum likelihood estimation (Fan, Heckman, & Wand, 1995; Tibshirani & Hastie, 1987) . Applications to spatial discrete choice models include Atkinson, German, Sear, and Clark (2003) ; McMillen and McDonald (2004) ; Wang, Kockelman, and Wang (2011); Wrenn and Sam (2014); and McMillen and Soppelsa (2015) . 12 Given our empirical approaches, it is not necessary to specify the "catchment area" of nursing homes explicitly, and the census tract should not be thought of as equivalent to a catchment area. With regard to hospitals, we consider both collocation in the same census tract, but also distance, as geographic factors. In the spatial AR model, the data implicitly determine the relevant degree of "closeness" between homes.
The underlying latent variable for the CPAR logit model, y Ã i ¼ X i β þ u i , implies the discrete dependent variable, y i , which equals 1 when y Ã i >0 and equals 0 otherwise. The target point is at location ψ, which is represented by a pair of geographic coordinates such as longitude and latitude. The spatially weighted log-likelihood function for target location ψ is
where d i (ψ) represent the distance between the target location and observation i, w is any valid kernel weight function, and h is the bandwidth. 13 The empirical literature in urban economics has typically followed Cleveland and Devlin (1988) in using a tri-cube kernel. A nearest-neighbor approach is commonly used to define the bandwidth, for example, h may be the 25th percentile of the distances between the target location and all data points. Although distance is typically defined as simple straight-line distance, as in the case of geographically weighted regression (following McMillen, 1996) , other metrics such as Euclidean or Mahalanobis distance can be used. 14 Estimating the model by maximizing the pseudo-log-likelihood function at a series of target points produces a set of coefficient estimates that vary by location, b β ψ ð Þ. The coefficients can then be interpolated to the full set of data points to form values that vary by observation, b β i . The same approach can be used to estimate a CPAR version of the Poisson regression model. In this case, the probability that the dependent variable takes on the value y i = 0 , 1 , 2 , … is
To account for the large number of zeros in our data, we estimate a "zero-inflated" version of the model ( Lambert, 1992; Mullahy, 1986) . The zero-inflated model can be considered a two-step process combining the standard Poisson model with a binary process that adds to the probability that y equals zero. In our application, the first step of the process is a logit model that determines whether a zero is automatically assigned to the value of y i . Following the notation of Cameron and Trivedi (2005) , the probability of this event is given by f 1 (0), which under the assumption of a logit link function can be written as f 1i (0) = exp(Z i γ)/(1 + exp(Z i γ)) for observation i. With probability 1 − f 1 (0), the value of y follows the standard Poisson model. A value of zero can also be observed for y i through the Poisson process with probability 1−f 1i 0 ð Þ ð Þ e −λ i . The probability of observing y i ≥ 1 is just (1 − f 1i (0)) times the usual Poisson probability. As the coefficients are estimated by maximizing the log-likelihood function implied by these probabilities, the zeroinflated model is easy to adapt to the CPAR approach. Again, using w d i ψ ð Þ h to denote the weight given to observation i at target location ψ, the spatially weighted log-likelihood function is
The result again is a series of smoothly varying coefficients, β i and λ i , one set for each location in the data set. Once the model is estimated, several alternative approaches may be used to summarize the results (McMillen, 2015) . The coefficients or marginal effect estimates can be presented in maps, enabling one to observe the spatial variation directly. Kernel density estimates also help summarize the variation in the estimated coefficients or marginal effects. Another useful approach is to compare the estimates at a set of discrete values of one of the variables. As an example, consider the two-variable case: X i β i = β 0i + β 1i x 1i + β 2i x 2i . A straightforward and informative way of illustrating x 2 's effect is to compare kernel density estimates of the results of evaluating this expression at two or more values, such as b y
13 In the empirical implementation, we follow Loader (1999) and estimate the models at a set of target points chosen through an adaptive decision tree approach. The results are then interpolated to every point in the data set. Interpolation works well in this context because the CPAR approach is designed to produce estimates that vary smoothly over space. The interpolation procedure is discussed in detail in Loader (1999, pp. 215-217) . The adaptive decision tree approach identifies more target points in regions where the data are dense. In our application, the approach identifies 60 target points.
14 Following White (1982) , the covariance matrix for the estimated coefficients of a pseudo-likelihood model is A
Thus, coefficients and standard error estimates can be constructed easily using standard statistical software packages that have weight options for the log-likelihood function. Approximately 100 hospitals closed over the period (from a base of around 600). Half of these closures were psychiatric health facilities.
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With respect to location, the set of nursing homes is essentially a cross section. For that reason, we focus on only 1 year for our analysis, 2000. The set of nursing homes operating in 2000, merged to information on hospital locations and the characteristics of tracts as reported in the 2000 Decennial Census, constitute our data.
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The nursing home profit function guides our choice of explanatory variables. The nursing home's client base of aged people is likely to be attracted to places near to their former residences and near to the residences of their families. Therefore, census tracts with relatively large and aged populations are expected to "attract" nursing homes. The log of population is the density measure. We include the percent of the population aged 55-64 as a measure of the potential client base of an area in the near future. Nursing homes will be attracted to tracts with relatively high incomes and house prices, which reflect local wealth. Higher-income residents may also be more willing to pay for a convenient location. Thus, we include median household income, the percentage of working households whose income is top-coded at $200,000+, and the median value of owner-occupied homes as explanatory variables. We also include such closely related variables as the percent of housing units that are vacant, the percent that are owner-occupied, the percent that are single-family detached, and the percent of housing units built before 1940.
Whereas nursing homes may be attracted to expensive locations due to a desire to attract affluent customers, the facilities are also large employers of low-skilled labor. The need to be close to their workforce may lead to a preference for locations providing ready access to low-skilled workers. Therefore, the county-level unemployment rate and poverty rates are included as measures of the availability of low-skilled workers. We also include a proxy for commuting costs, the percent of workers who take public transportation, and the mean travel time to work: both variables are likely to be positively correlated with high commuting costs. Other demographic variables are also included as controls both for the characteristics of potential workers and residents, including percent Black, Asian, and Hispanic, average household size, percent divorced, educational attainment, percent native born, percent speaking English very well, percent female, median age, percent under 18, and percent living in the same house 5 years ago. An indicator of the presence of a hospital in the Census tract and the distance from each tract's centroid to the nearest hospital, of interest due to the possibility of agglomeration economies focused around major health care providers, are also included. The descriptive statistics for the estimation sample are presented in Table 1 . 19 We also computed the minimum, medium, and maximum geographic size of census tracts for the entire state of California as well as Los Angeles County. Since tracts are population based, their geographic size varies widely in a state like California, which is very diverse in the degree of population density. For the entire state, census tract sizes ranges from just 0.032 square miles to nearly 8,000 (7,992) square miles. The median-sized census tract for California is 0.771 square miles. Within Los Angeles County, an area for which we produce detailed estimates, census tract size ranges from 0.042 to 323.9 square miles, with a median size of 0.459 square miles (statistics not reported in table).
| EMPIRICAL RESULTS
Logit estimates for the entire state of California are shown in Table 2 . Estimated coefficients that are statistically significantly different from zero at the 95% confidence level or higher are indicated in bold. Two specifications of a standard logit model are presented, with and without a set of 26 controls for the metropolitan statistical area (MSA). Lastly, the mean and standard deviations of the CPAR estimates, which vary by observation, are displayed. The results are quite stable across all logit model specifications. The parametric models indicate that nursing homes are more likely to be located in census tracts with greater population, a higher percentage female, an older median age, and higher percentage of the population aged 25+ without a high school degree. Large average household size, a higher percentage of vacant housing units, higher and larger percentages of the population holding college degrees, and having lived in the same house 5 years ago, respectively, are all associated with lower probabilities of having a nursing home in the census tract. Nursing homes are estimated to be more likely to be located in census tracts with high median household income and low travel times to work, and in tracts with a high percentage of single-family detached houses but a low percentage of owner-occupied homes. A large percentage of the most likely candidates for future nursing home residency-those currently between the ages of 55 and 64-is associated with a significantly lower probability of having a nursing home.
The last two variables in Table 2 are ones hypothesized to be associated with localization economies. The presence of at least one hospital in the census tract has a statistically significant and quantitatively large effect on the probability that a nursing home is also located in the tract. Moreover, the probability of a nursing home being located in a given tract that lacks a hospital is estimated to decline with its distance to the nearest hospital. These results strongly suggest that localization economies influence nursing home locations. The CPAR logit models provide evidence of the robustness of the results as estimated coefficients across all tracts. Figure 1 presents kernel density estimates of the estimated coefficients for the presence of a hospital in a tract and distance of a tract from the nearest hospital. 20 Although the magnitudes of the coefficients vary across locations, the signs are all positive for the presence of a hospital, and they are nearly all negative for distance to the nearest hospital. Figure 2 shows how changes in these two explanatory variables affect the distribution of estimated probabilities of having a nursing home in a census tract. Having a single hospital in a census tract has a large effect on the distribution of probabilities: the distribution shifts markedly to the right, with a much lower incidence of very low probabilities, when a hospital is present. Increasing the distance from the nearest hospital from 0 to 2 to 4 miles shifts the distribution of estimated nursing home probabilities to the left, with a higher incidence of quite low probabilities. Figure 2 suggests that the discrete presence of a hospital in the tract is much more influential than the marginal effect of distance to a hospital. Table 3a presents the count model portion of the Poisson estimates using the same specifications used for the logit models. The zero-inflated portion of the Poisson set of estimates is presented in Table 3b . The variables included in the zero-inflated model are the same across all three sets of estimates; the MSA controls are not included in this part of the model. As the zero-inflated model explains the probability that nursing homes are "absent" from a census tract, we would expect them to have the opposite signs as those presented in Table 2 for the logit model of the presence of a nursing home, and this patterns does hold in general. However, fewer variables are statistically significant in the 20 Recall that the CPAR weighting method causes the model coefficients to change smoothly over space as the target location is changed. zero-inflated Poisson model, a result that might be expected given that the Poisson model allows the variables to have separate effects in determining the probability of observing zero nursing homes and the probability of observing a larger number conditional on observing any. Together, the results of Tables 2 and 3a suggest that a nursing home is likely to be located in a tract with larger population, a higher percentage female, a higher median age, a larger percentage of singlefamily detached homes, a lower percentage of owner-occupied homes, and a lower percentage of residents aged 55-64. As was the case for the logit estimates, the zero-inflated model estimates indicate that nursing homes are much more likely to be located in census tracts with a hospital. However, the zero-inflated model estimates indicate that distance from a hospital does not have a significant effect on the probability of having at least one nursing home in a tract. Fewer variables are statistically significant in the count model portion of the zero-inflated Poisson model estimates. These estimates, which are reported in Table 3a , indicate that the number of nursing homes in a tract increases with population and the percentage female, whereas the number is lower in tracts with a higher percentage of residents living in the same tract 5 years ago and a higher percentage aged 55-64. The number of nursing homes is higher in census tracts that have a hospital and is also higher in tracts that are closer to a hospital.
The distributions of estimated CPAR Poisson coefficients for the presence of a hospital and distance from the nearest hospital are shown in Figure 3a ,b. Figure 3a shows that nearly all the estimated count model coefficients are positive for the presence of a hospital, which implies that the probability of having additional nursing homes in a tract increases if there is a hospital, conditional on having at least one nursing home in the tract. Similarly, Figure 3b shows that nearly all the count model estimated coefficients are negative for distance from the nearest hospital, which implies that the expected number of nursing homes declines as distance from the nearest hospital increases. Figure 3a shows that though FIGURE 1 Distribution of logit coefficient estimates across census tracts most of the estimated zero-inflation coefficients are negative for the presence of a hospital, many are positive. However, nearly all of the estimated coefficients for distance from the nearest hospital are positive in the zero-inflation portion of the model. Thus, being farther from a hospital reduces the probability that a tract will have at least one nursing home. Figure 4 is the CPAR counterpart to Figure 2 , showing how changes in these two explanatory variables affect the distribution of estimated probabilities of having at least one nursing home in a census tract. As was the case for the logit models, having a single hospital in a census tract has a large effect on the distribution of probabilities, with much lower probabilities of the absence of nursing homes in a tract. Increasing the distance from the nearest hospital from 0 to 2 to 4 miles has a relatively small effect on the probability of having at least one nursing home in a tract. Together, both Figures 2 and 4 suggest that the effect of the discrete presence of a hospital in the tract is much more influential than the marginal effect of distance to a hospital. Figures 1-4 illustrate some of the advantages of a CPAR approach. Figures 1 and 3 clearly indicate that there is substantial spatial variation in the estimated coefficients. Nonetheless, the coefficient estimates for the presence of a hospital are nearly all positive. Although there are some locations where the presence of a hospital has only a modest effect on the presence of a nursing home, there are other areas where the influence is quite pronounced. Distance from a hospital has a smaller effect on nursing home locations. Kernel density functions provide a convenient and informative way of displaying the vast amount of information contained in the CPAR model estimates, and the CPAR approach is useful as a robustness check on the underlying model specification.
The tendency for nursing homes to cluster near hospitals is consistent with a form of agglomeration economies. The spatial AR model provides another approach for identifying localization economies. We use two alternatives for constructing the spatial weight matrix. The first method is the one that is used most commonly in empirical studies: all contiguous census tracts are weighted equally, and the matrix is row standardized. The second method places positive weight on observations that are near a census tract, with weights that decline with distance according to a tri-cube kernel function. We employ two bandwidths for the kernel weights: in the first, any observation whose centroid is within 5 miles of the target centroid receives positive weight, whereas in the second, the bandwidth is set to 10 miles. The resulting spatial weight matrices are again row standardized. The instruments for the models include the full set of explanatory variables, X, along with WX.
The results are shown in Table 4 . The estimated values of ρ-the coefficient on Wy * -are quite consistent across the three sets of model estimates, ranging from 0.230 to 0.313. The results indicate the probability of having a nursing home in a tract increases significantly when it is near other tracts with a high propensity to have a nursing home.
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Because the state of California is so large relative to the size of a typical census tract, a key advantage of the CPAR approach-the ability to show the spatial variation in coefficients using maps-is not useful for the entire state because the amount of information and the combination of very small and extremely large census tracts makes statewide maps difficult to read. Therefore, to show the spatial variation in the estimates, we focus on a smaller area, presenting results for the populous southern region of Los Angeles County. With approximately 9.5 million residents in 2000, Los Angeles County is easily the largest county in the US; were it a state, it would have ranked 9th among the 50 states in population in 2000, between Michigan and New Jersey. Despite its large population, the geographic area covered by the county is 21 In a separate appendix that is available on request, we also present the results from a variety of other specifications. First, we estimate a spatial Durbin version of the standard logit, which adds WX to the main set of explanatory variables, using the same set of specifications for the spatial weight matrix as reported for the spatial AR probit models. Second, we estimate Poisson versions of the spatial Durbin model. Finally, we add the WX variables to standard OLS models and the spatial AR probit model. Our main result-which the presence of a hospital in a census tract increases the probability of a nursing home-holds under every model specification, with very little variation in the values of the coefficients or the estimated standard errors. Note. The data set includes 6,805 census tracts in California. The dependent variable is a count of the number of nursing homes in a census tract. The zeroinflated portion of the model includes the same set of explanatory variables in each of the three sets of estimates. small enough to readily display the CPAR model estimates. 22 Comparing the Los Angeles County results to the estimates for the full state also provides further evidence on the amount of spatial heterogeneity that is neglected in the parametric model specifications. Table 5 presents the logit model estimates when the sample is restricted to Los Angeles County. Poisson estimates are not presented in the interests of brevity. As was the case for the full state, they largely duplicate the logit results. The estimated coefficients for eight of the 14 variables that were statistically significant in the base logit model for the full state have the same sign and are also statistically significant in the estimated model for Los Angeles County. This set of variables includes the log of population, percent female, median age, percent with a college degree, percent living in the same house 5 years ago, the log of median household income, the percent aged 55-64, and the number of hospitals in a census tract. As might be expected when the sample size is reduced, the estimated coefficients for some other variables become statistically insignificant. This set of variables includes average household size, the percent of housing units that are vacant, mean travel time to work, the percent of single-family detached homes, the percent owner occupied, and the distance of the census tract centroid from the nearest hospital. Though not unexpected, these results do suggest that a single, global parametric model does not adequately account for the spatial variation in the data.
Figures 5 and 6 show the spatial variation in the estimated coefficients for the presence of a hospital in a census tract and distance from the nearest hospital. Figure 5 shows that the largest values of the estimated coefficients for the presence of a hospital in the tract are in the southernmost part of the county, near the Pacific coast. There also are pockets with large estimated coefficients in the north-central part of the county, near the San Gabriel Mountains. Despite the 22 Several Pacific islands and the mountains toward the north of the county are omitted from the maps to make them clearer. Note. The data set includes 6,805 census tracts in California. The dependent variable indicates whether there is at least one nursing home in a census tract.
variation in the magnitudes of the coefficients, all signs are positive; that is, throughout Los Angeles County, having one or more hospitals in a census tract is always associated with a higher probability of having a nursing home also.
In contrast, Figure 6 shows that the estimated coefficients for distance from the nearest hospital vary markedly throughout the county, ranging from negative values in the southeast to positive values in the northwest. Qualitatively, Figure 6 differs from Figure 5 most obviously when the Northwest and Southern extremes of the county are examined. Whereas the presence of a hospital is relatively unimportant in the Northwest, Figure 6 shows that the distance to the hospital is a very important factor in that region, but relatively unimportant in the South. Both figures dramatically illustrate how much spatial variation in effects is omitted from standard parametric specifications. For the sake of completeness, the results of a GMM version of the spatial logit model are also displayed in Table 3b . The spatial weight matrix, W, is based on simple contiguity of the census tracts, and the rows of the matrix are normalized to sum to one. The estimated coefficient on the spatially lagged dependent variable is −0.030 and is not statistically different from zero. The results suggest that a simple standard logit model is adequate when the sample is restricted to a relatively small area where the based model is a reasonable specification. The CPAR approach does not necessarily contradict this finding; instead, its role is to provide more information on the spatial variation in coefficients and marginal effects than is evident in traditional parametric approaches.
| DISCUSSION AND CONCLUSIONS
Our estimation findings provide robust evidence that nursing homes are concentrated in areas with certain characteristics. A variety of models, with and without the inclusion of MSA controls, indicate that nursing homes are more likely to be located in more densely inhabited areas with older residents (measured by median age) and higher incomes. We also find evidence that hospital location is an important factor in nursing home location, consistent with the hypothesis that there are agglomeration economies around hospitals. Finally, we also find evidence of nursing home clustering from spatial AR models.
Focusing on the hospital presence and location coefficients, we illustrate the wealth of detail that is afforded researchers by the tract-specific CPAR estimates. These coefficients also provide useful supporting evidence that the direction of these effects is robust, in that they are of the same sign as the logit and Poisson estimates for the vast majority of tracts. In addition, the CPAR coefficients can be used to create maps that reveal the geographic patterns of variation.
It is useful to contrast the findings in Figures 5 and 6 in order to examine joint patterns of "in tract" and "distance" effects across areas. Whereas both figures aim to convey the overall importance of "close" location to a hospital, the patterns of effects sometimes diverge for the two measures. Effects of both having a hospital in the tract and the distance to a hospital in another tract (given no hospital in the tract) are least influential in the northwest area of the county. The fact that "closeness" to a hospital is not an important location factor suggests that agglomeration or collocation economies are low in this area.
The northeastern and north-central areas of the county exhibit only modest "hospital in tract" effects but strong effects of distance to a hospital outside the tract. One interpretation is that it is relatively easy to get around this lessdense area; nursing homes do not need to be located extremely close to a hospital (in the same tract), but there are still agglomeration economies that promote some nearness. Overall, these findings characterize a situation with fairly weak but operative collocation incentives.
Agglomeration is greatest in the extreme southern portion of the county by the Pacific Ocean. Nursing homes in this area are strongly drawn to locate in the tracts with hospitals, whereas distance to a hospital from a tract without a hospital is much less important. Because census tracts are geographically smaller by far in such densely populated areas, the "in-tract" finding means that nursing homes locate at very short distances to a hospital. Agglomeration may be more valuable in this area due to its greater congestion and associated high travel and transport costs. Taken together, Figures 5 and 6 suggest that strong agglomeration or collocation economies for nursing homes in this area encourage nursing homes to locate very near hospitals.
Because of the vulnerability of aged persons, because of concerning moral hazard problems in care quality, because the US has long-unaddressed gaps in long-term care policy, and because of its hybrid mix of for-profit and nonprofit players, the nursing home industry has been the subject of intense study by economists. Yet location is an important issue that remains understudied, and this research helps to fill this gap in knowledge by investigating the spatial characteristics of the nursing home industry in the largest U.S. state, California. Nursing home competition and access remain issues of major public importance of which location is a key issue. Our findings indicate that nursing homes are no less prevalent in areas with a higher share of families in poverty and instead are generally located in areas with higher-income residents. We also find that nursing homes are more prevalent in areas with hospitals. A close examination of an important subregion, Los Angeles County, reveals that these patterns of location are complex, as indicated by in-tract and distance effects that vary qualitatively by subarea.
California's demographic, economic, and geographic diversity means that our findings have the potential to generalize to other locations. Los Angeles County alone is greatly varied in its geography and population density. We find that the effects of being near other medical providers vary with these characteristics as one might expect. Such findings plausibly provide insight for other communities.
Nursing home collocation has public benefits. The tendency of nursing homes to locate close to one another may ameliorate various market failures posited about the industry. A major development in nursing home policy in the past decade is the Federal Centers for Medicare and Medicaid Services' promotion of a more consumer-centric approach to nursing home selection. To that end, CMS introduced and vigorously promoted a five-point quality rating system. Collocation of nursing homes complements this policy by lowering shopping costs even further.
The rise of California's homecare program, which subsidizes care in place for lower-income elders, helps to solve the problem of underserved areas. Because assisted living establishments require private payment, however, it is not surprising that they are disproportionately located in wealthier areas (Stevenson & Grabowski, 2010) as are nursing homes. Our findings also imply that the health of the hospital industry and continuing declining nursing home demand may have important implications for the overall supply of nursing homes. As other providers and health care institutions pull out of an area, weakening of localization and agglomeration economies have negative externalities for nursing homes.
Our findings provide evidence of nursing homes' tendencies to cluster together and to locate near hospitals. There are many directions for future research in this area. The extent to which collocation and agglomeration economies encourage nursing homes that compete for the same types of customers (private pay vs. Medicaid) is an important factor in mitigating market failures in this industry. With stagnating or declining Medicaid reimbursement rates in many states, nursing homes increasingly rely on postacute care placements for revenues. If location near a hospital increases these placements, there may be substantial impacts on their financial position.
Finally, this study has examined the extensive margin of location choice-that is, the question of placing an establishment at one location or another. The nursing home roster used in this study is overall very static. It is possible that in some other states, the declining demand for long-term nursing home care has caused establishments to exit. There may also be directions for future research on the interaction of location and scale, including dynamic analyses if there is meaningful variation in scale over time.
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